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Abstract— Classification technique is investigated by many R means that if R(o,0’) is greater,o and o’ are near

researchers for applying to various fields. In classification, there or similar, and if R(o,0’) is smaller,o and o’ are far or
are two methods ; parametric one and nonparametric one. The dissimilar.

nonparametric ones are more useful than parametric ones in

the real case. In this paper, theK-nearest neighbor classification B, K-Nearest neighbor classification

which is one of the nonparametric methods is discussed. Three . . . . .
K-nearest neighbor algorithms with fuzzy relation are proposed First of all, we describe notion of supervised classification.

and compare with each algorithm through numerical examples. Supervised classification is the method which need the labeled
classes. we obtain a set of classification rules from the labeled
classes and classify the objects that is not classified.

I. INTRODUCTION : - >t -
. . . . Assume that objects i@ are divided into two classes 6f
Classification technique is investigated by many researche Rde (€NC = 0: CUC = O). Objects inC are classified into

for applying to various fields ; character recognition, speecflaled classe€, . Cy ¢, are inC. On the other hand

recognmor.],. mfprmatlon retrieval(1]. . object inC are not classified into any classes.
In classification, there are two methods ; parametric one , simple method that classify the unlabeled object is a
and nonparametric one. In parametric method, objects YBarest neighbor classification (NN). NN allocate unlabeled

classified under assumption that the universe of objects ag jecto € C into the class which has the nearest element
known. But, in the real cases, this assumption is not satisfieﬁge classC; is given by .
(2

On the other hand, nonparametric methods are not need the
assumption so that the nonparametric ones are more useful C; = arg max max R(o,o;). (5)
than parametric ones. 1sisholet;

In this paper, we discuss thé-nearest neighbor classifica- K -nearest neighbor classificatiof{N) is straightfor-
tion which is one of the nonparametric methods. We propostard extension of NN. Let us assume thdt objects

some extendedNN methods and compare each methodre in C ; {o1,0;,...,0;} = C. We consider classify-
through numerical examples. ing the objecto € (. Calculate {m,mso,...,m ;} =
{m; | m; = R(o,0}), of € C, 1 < j < Jh
) Il. PRELIMINARIES (m41,m4,...,m;y) IS the decreasing sequence obtained
A. Fuzzy relation from sorting of {my,ma,...,m;} : ma > -+ > ma.
We introduce mathematical symbols and fuzzy relation [2][There, we introduce a new notatidfimax ;
Let us assume that objeaf3 = {01, 02,...,0x} are given.
| {01, 0, N} 9 {m1,...,mix} = Kmax{mq,...,ms}. (6)

Fuzzy relationR is defined onO x O. R is the fuzzy set
which is characterized by the following membership functiofExamine the labels on th& nearest neighbors and vote each
: class. Assigro the most frequently voted class (figure 1).

pr:Ox 0= 0,1]. 1)
In this paper, we abbreviate membership function téMlgorithm KNN
R(01,02) : Step 1. Calculate
R(01,02) = pur(01,02), ) ,
and we assume that is reflexive and symmetric : {or,., ox} = arg K max R(o, o).
R(0,0)=1 Yo e O, 3) Step 2. Classifyo into

R(0,0') = R(0',0) Vo,0 € O. (4) Ci =arg max, IC; N {o1,...,0K}]



End KNN. B. FKNN-2

We propose three methods which are extensioKdfN
classifications. In the first method, let us introduce new

02 O o ° notation over FK; max ;
o
® ¢ K{;—1
O o ® {mjh A ,mjKI/I | K > Z M,
[ J =1
o KI'I—l
© . ° d K > Z mji +mjrs }
=1
°
O = Over_FKH max{ml, R ,mJ}. (10)
o)
5 ° . We explain the details. oveFK7; is minimum into the sets
o © L4 of which the sum of the elements is ovE¥;.
o o °

o1 Algorithm F K'NN-2

Step 1. Calculate
Fig. 1. We consider in the case of classifying the elemenito the class
e or the class with K = 5. Since K-nearest neighbor is including three {R(0,01),...,R(o, OKI/I)}

elements on the class elemento is classified into the class.
= over K max R(o0,0).
o’'e

Step 2. Classifyo into

[1l. EXTENSION OF KNN CLASSIFICATION C; = arg max |C; N {R(0,01) R(0,05:)}]
yeees ;0K ) -
A. FENN-L End FKNN-2.
FKNN-1 is one of the methods which is constructed by
introducing fuzziness into th& NN [3]. C. EKNN-3

Let us consider classification of € C. We define a fuzzy

K maximum elements: In the second method, we seledts;; elements from each

class and calculate the average of fuzzy relation in each class.
{R(0,01),...,R(0,0x,)} = arg FK;max R(0,0'). (7) Unlabeled elemend € C is assigned to the class which has
’ ' o’eC ’ the highest average of fuzzy relation in all class.

The cardinality of a set is denoted by )
Algorithm F K'NN-3

[{R(0,01),...,R(0,0x,)}| = Z R(o ®) Step 1. Calculate
{R(0,0}),...,R(0,0%)}.
The class o is defined by = arg FKIH?QCX R(0,0') 1<j<L.

C; = arg ax, IC; N {R(0,01),...,R(0,0K,)}. (9) Step 2. Classify o into
<5< o j j
Ci = arg 1r§n]a<j<L|{R(0,01),...,R(o,oKm)}\/KIH.

End FKNN-3.
Algorithm F KNN-1
Step 1. Calculate D. FKNN-4
In the third method, we selecisty x |C;| elements from
{R(0,01),...,R(0,0k,)} = arg FK| g}ggR(O,O’)- eachC;(1 < j < L) and calculate average of fuzzy relation
in C;. Unlabeled elemenb < C is assigned to the class
Step 2. Classify o into which has the highest average of fuzzy relation in all class. To
describe the algorithm, we define new notation. The number
C; = arg max, IC; N {R(0,01),...,R(0,0K,)}|.  of selected elements are defined $y;
Sj =K x|Cj| 1<j<L. (11)

End FANN-1.



Algorithm F KNN-4
Step 1. Calculate

TABLE |

Fuzzy RELATION R(0,0’) IN ALL CLASS.

{R(0.0])....,R(0,0} )} classC; :
J o
= arg FS; max R(0,0") 1<j<L. o1 02 03 04
o’eC R(o0,0) 0.9 0.19 0.12 0.1
Step 2. Classify o into o5 o6 o7 o8
i p R(0,0) 0.02 0.012 0.0003  0.0002
Ci = arg lrélja<XL |{R(07 01)7 sy R(07 OSJ)}‘/SJ" 09 010 011 012
= R(o,0’) | 0.00013 0.00012 0.00011 0.0001
End FANN-4.
classCs
IV. NUMERICAL EXAMPLES o
. . . 013 014 O15 O16 O17
In this paper, we show numerical examples for five algo- [&(o, o) 0.8 0.28 0.22 0.21 0.2
rithms ; KNN, FKNN-1, FKNN-2, FKNN-3, FKXNN-4. Let o1s 019 020 091 092
us consider fifty six objects in figure 2. The data set have [ R(o,0) [ 0.002  0.001  0.0007 0.00065  0.000§
five labeled class ¢4, Cs, C3, C4, C5. We consider the case — 0%2305 008304 6)350 oTE %280014 %2600135
of classifying unlabeled element We show fuzzy relation (00) | 0 ' ' ' '
classCs
® oy o’
® o9 0928 029 030 031 032
o1 ® . R(0,0) 0.7 0.29 0.27 0.26 0.03
o:
oy © 30 033 034 035 036 037
o5 ® ¢ oz R(o,0’) | 0.0015 0.0014 0.0009 0.00089 0.00087
os ® ® o032 038 039 040 041
o o5 R(o,0’) | 0.00085 0.0008 0.00067 0.00066
o; @ )
® o34 H
| o ® ; | Cs i classCy
;o o7 ® i ¢ o35 i o’
o ® ® o036 042 043 044 045
8 o os R(0,0) 05 0.3 0.01 0.00086
og ® . 046 047 048 049
010 ® 038 R(o,0’) | 0.00084 0.00083 0.00082 0.000§1
. ® o039
o011 ;
o1s L4 040’”/ classCs i
® oyf o
O50 O51 052 053 054
ST R(o,0) | 0.25 0.24 023 0.00064 0.00063
013 ® ocC
o4 @ . ® oarn
® o043
o15 ® A. KNN
® 044 .
016 @ o o | In the case of NN with K = 6, from
oi7 ® Cyl
o015 o o K max{o1,...,051} = {01,013,025,042, 043},
‘ o ® ® o we have
® o043
302 ©20 ® o o4 |C1 meaX{017...,054}| = |{01}‘ = 17
021 @
2 ’ |CQHKH1&X{017...,O54}| = |{013}| :17
o2 @
e . |Cs N K max{o1,...,054} = [{02s}]| =1,
o 50
021 ® e o5 |C40Kmax{01,...,054}| = |{042,043}‘ :27
025 @ ® o052 Cj! |C5meaX{017...,054}| = |{@}|:0
026 ® ® os53 In the result,o is classified intaCy.
e s o B. FKNN-1
In the case of KNN-1 with K7 = 5. From
Fig. 2. The data set for numerical example

betweeno and

all object in Table I.

arg FKq max R(o,0)

= {R(0,01), R(0,013), R(0,028), R(0,042), R(0,043)},



we have

|C; NFKymax{o1,...,054}| = 0.9,

|C2 N FKymax{os,...,054} = 0.8,

|Cs N FKymax{o1,...,054}| = 0.7,

|C4 NFKymax{o1,...,054}| =0.5+0.3=0.8,
|C5s N FKmax{oy,...,054}| = 0.

There,o is classified intaC;.

C. FKNN-2

In the case of KNN-2 with K71 = 5. From

over_FKj max R(o, o)
o’eC

= {R(0,01), R(0,013), R(0,028), (0, 042),
R(Oa 043)7 R(Oa 029)7 R(O7 014)7 R(O7 030);
R(Ov 031)7 R(Oa 050)7 R(O, 051)7 R(O, 052)}’

we have

|C1 Nover FK; n/lg)ciR(o, o) =0.9,
|C2 Nover_FKy max R(0,0")| =0.8+0.28 =1.08
0/
|Cs N over FK rr}g)ciR(o, 0')| = 0.7+ 0.29 4+ 0.27 + 0.26

=152,
|C4 N over_FKy; max R(0,0")| =0.54 0.3 =0.8,

|Cs Nover_ FKHmaxR 0')| =0.25+0.24 + 0.23
=0.72.

There,o is classified intaCs.
D. FKNN-3
In the case of KNN-3 with Ky = 5, from

argFK1r max R(o,0')
o’eCy

= {R(0,01), R(0,02), R(0,03), R(0,04), R(0,05)},
argFKy1 max R(o,0’)
o’eCs

= {R(0,013), R(0,014), R(0,015), R(0,016), R(0,017)},

argF K1 gleac)é R(o,0")

= {R(0,02s), R(0,02), R(0,039), R(0,031), R(0,032)},

argFK1r max R(o,0')
o’'€Cy

= {}%(07 042), R(O7 043)7 R(O, 044), R(O, 045), R(O, 046)}7

argFKy; max R(o,0’)
o’eCs

= {]’%(07 050), ]’%(07 051), ]’%(07 052), R(O, 053), R(O, 054)}7

we have
| arg FK111 max R(o,0")|/ K
o’ eCy

=(0.9+0.1940.12+ 0.1 + 0.02)/5
— 0.226,
| arg FK111 max R(o,0")|/ K
o’ €Co

— (0.8 4+ 0.28 +0.22 + 0.21 + 0.2)/5
— 0.342,
| arg FK111 max R(o,0")|/ K
o’EC3

— (0.7 4 0.29 + 0.27 + 0.26 + 0.03) /5
— 0.31,
| arg FK111 max R(o,0")|/ K
0’'€Cy

=(0.5+0.3+0.01+
0.00086 + 0.00084)/5
— 0.162,
| arg FK1q1 cr’pgéR(o, o')|/Km
— (0.25+0.24 + 0.23+
0.00064 + 0.00063) /5
= (.144.
o is classified intaCs.

E. FKNN-4
In the case of KNN-4 with Ky = 0.5, we have
Sl ZKIV X |Cl| =05x12= 6,
52 :KIV X |02| =0.5x15= 7,
Sg = KIV X |Cg| =0.5x%x14 = 7,
S4:KI\/>< |C4|:O.5X8:4,
S5 = Ky X |C5] =0.5 x 5 = 2.
From
FS R !
argFSy gr/leac)i (0,0")
= {R(0,01), R(0,02), R(0,03),
R(0,04),R(0,05), R(0,06)},
FS. R !
argFS; max (0,0
= {R(O> 013)a R(0> 014)7 R(0> 015)7
R(0,01¢), R(0,017), R(0,013), R(0,019)},
FS. R !
argFS3 max R(o, o')
= {R(07 028)a R(0> 029)7 R(O, 030)7
R(0,031), R(0,032), R(0,033), R(0,034)},
argFSy max R(o,0’)
o’'eCy

= {R(O 042) (0 043) (0, 044), R(O, 045)}7
argFSs max R(o,0)
= {R(0,050), R(0,051)}.



we have
|arg FS; max R(o0,0)|/S1
o’eCy
=(0.9+0.194+0.12+ 0.1 + 0.02 + 0.012) /6

— 0.223,
| arg FSs max R(0,0)|/S
o’eCs

= (0.8 +0.28 4+ 0.22 + 0.21 + 0.2 + 0.002 + 0.001) /7

TABLE Il

THE INFORMATION OF DATA SET ON EACH RESULTS TABLE

n

= 0.224, Table iris Number of Number of
, number species | labeled elements unlabeled eleme
|arg FS3 max R(0,0)|/53 Setosa 25 25
o'els Table Il | Versicolor 25 25
= (0.7 +0.29 4+ 0.27 + 0.26 4+ 0.03 + 0.0015 + 0.0014) /7 Verginica 25 25
— 09221 Setosa 15 35
- ’ Table IV | Versicolor 15 35
ES R /S Verginica 15 35
\arg 4(£peac)i (0’0 )l/ 4 Setosa 5 45
_ Table V | Versicolor 5 45
= (0.3 + 0.5+ 0.01 + 0.0086) /4 Verginica - an
= 0.204,
| arg FS; max R(0,0')|/S5
o’ €Cs
= (0.25+0.24)/2
= 0.245.
o is classified intaCs.
V. APPLYING TOFISHER'S IRIS DATA SET
In this section, we show the results of classifying the real
data set using five algorithmsiNN with K = 7, FKNN-1
with K1 =7, FKNN-2 with K1 =7, FKNN-3 with Ko =
7, FKKNN-4 with Kyv =0.7.
The data set which we use in classification is Fisher’s iris
data. Fisher’s iris data set is one of the general data sets
which is used in classification. The iris data set consists of the CABLE I

three iris species ; Setosa, Versicolor, Verginica. The data is

represented by four features : petal width, petal Iength, SepaBESULTS OF FOUR ALGORITHMS FOR IRIS DATA SETEACH LABELED
CLASS HAS25ELEMENTS.

width, Sepal length [4].

We show three tables of the results. We show in Table Il Setosa| Versicolor | Verginica
. . Setosa 25 0 0
the informations of the data set Table Ill, IV and V. In all KNN | Versicolor | 0 24 1
algorithms, the following fuzzy relation is used ; Verginica 0 2 23
1 Setosa 25 0 0
R(o1,00) = —————, FKNN-1 | Versicolor 0 24 1
1+ |lo1 — oo Verginica 0 1 24
Setosa 25 0 0
where 4 1 FKNN-2 | Versicolor 0 23 2
Verginica 0 0 25
o1 — 0| = <Z(01i - 02i)> : Setosa 25 0 0
i=1 FKNN-3 | Versicolor 0 24 1
Verginica 0 3 22
Setosa 25 0 0
FKNN-4 | Versicolor 0 24 1
Verginica 0 2 23




TABLE IV
RESULTS OF FOUR ALGORITHMS FOR IRIS DATA SETEACH LABELED
CLASS HAS15ELEMENTS.

Setosa  Versicolor  \erginicg
Setosa 35 0 0
KNN Versicolor 0 32 3
Verginica 0 8 32
Setosa 35 0 0
FKNN-1 | Versicolor 0 32 3
Verginica 0 4 31
Setosa 35 0 0
FKNN-2 | Versicolor 0 33 2
Verginica 0 8 27
Setosa 35 0 0
FKNN-3 | Versicolor 0 32 3
Verginica 0 3 32
Setosa 35 0 0
FKNN-4 | Versicolor 0 32 3
Verginica 0 3 32
TABLE V

RESULTS OF FOUR ALGORITHMS FOR IRIS DATA SETEACH LABELED
CLASS HAS5 ELEMENTS.

Setosa  Versicolor  \erginicd

Setosa 45 0 0

KNN Versicolor 0 42 3
Verginica 0 12 33

Setosa 45 0 0

FKNN-1 | Versicolor 0 43 2
Verginica 0 5 40

Setosa 45 0 0

FKNN-2 | Versicolor 0 43 2
Verginica 0 2 43

Setosa 45 0 0

FKNN-3 | Versicolor 0 43 2
Verginica 0 2 43

Setosa 45 0 0

FKNN-4 | Versicolor 0 43 2
Verginica 0 2 43

VI. CONCLUSION

In this paper, we proposed four classification algorithms.
These algorithms are natural extensionfoNN with fuzzi-
ness. Moreover, we showed the availability of presented
algorithms through numerical examples.

In the future works, we will discuss the reason that the
extendedK' NN algorithms has better result thaNN algo-
rithm mathematically.
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